How important are neighborhood endowments of physical and human capital in explaining diverging fortunes over time for otherwise identical households in a developing rural economy? To answer this question we develop an estimable micro model of consumption growth allowing for constraints on factor mobility and externalities, whereby geographic capital can influence the productivity of a household's own capital. Our statistical test has considerable power in detecting geographic effects given that we control for latent heterogeneity in measured consumption growth rates at the micro level. We find robust evidence of geographic poverty traps in farm-household panel data from post-reform rural China. Our results strengthen the equity and efficiency case for public investment in lagging poor areas in this setting.
Introduction
Persistently poor areas have been a concern in many countries, including those undergoing sustained aggregate economic growth. A casual observer traveling widely around present day China will be struck by the disparities in levels of living, and signs that the robust growth of relatively well off coastal areas has not been shared by poor areas inland, such as in the southwest. China is not unusual; most countries have geographic concentrations of poverty; other examples are the eastern islands of Indonesia, northeastern India, northwestern Bangladesh, northern Nigeria, southeast Mexico and northeast Brazil.
Why do we see areas with persistently low living standards, even in growing economies?
One view is that they arise from persistent spatial concentrations of individuals with personal attributes which inhibit growth in their living standards. This view does not ascribe a causal role to geography per se; otherwise identical individuals will (by this view) have the same growth prospects independently of where they live.
Alternatively one might argue that geography has a causal role in determining how household welfare evolves over time. By this view, geographic externalities arising from local public goods, or local endowments of private goods, entail that living in a well endowed area means that a poor household can eventually escape poverty. Yet an otherwise identical household living in a poor area sees stagnation or decline. If this is so, then it is important for policy to understand what geographic factors matter to growth prospects at the micro level.
This paper tests for the existence of "geographic poverty traps", such that characteristics of a household's area of residence ) it's "geographic capital" ) entail that the household's 1 There are various administrative and other restrictions on migration, including registration and residency requirements. For example, it appears to be rare for a rural worker who moves to an urban area to be allowed to enrol his or her children in the urban schools. 5 endowed area enjoys a rising standard of living. The paper also tries to identify the factors which may lead to the emergence of such poverty traps. If borne out by empirical evidence, geographic poverty traps suggest both efficiency and equity arguments for investing in poor areas, such as by developing local infrastructure or by assisting labor export to better endowed areas.
The setting for our empirical work is post-reform rural China and we study the determinants of consumption growth for farm households. We can rule out potential endogeneity due to people choosing their locations because there was little or no geographic mobility of labor in rural China at the time. Governmental restrictions on migration within China are part of the reason.
1 But there are other constraints on mobility. It is well known that household-level ties to the village associated with traditional social security arrangements in underdeveloped rural economies can be a strong disincentive against migration (see, for example, Das Gupta, 1987, writing about rural India). Thin land markets, and the prospects for administrative re-allocation of land, compound the difficulties in rural China. For these reasons, it is unusual for an entire household to move from one rural area to another; the limited migration that is observed in rural
China and elsewhere appears to be mainly the temporary export of labor surpluses, primarily to urban areas. Capital is probably more mobile than labor in China, although (again in common with other developing economies) borrowing constraints appear to be pervasive, and financial markets are poorly developed.
2 For evidence on China's regional disparities see Leading Group (1988) , Lyons (1991) , Tsui (1991) , World Bank (1992 , 1997 , Knight and Song (1993) , Rozelle (1994) , Howes and Hussain (1994) and Ravallion and Jalan (1996) . On implications for policy (in the ligh of the results of the present paper) see Ravallion and Jalan (1999) . 3 See Borjas (1995) on neighborhood effects on schooling and wages in the U.S. and Ravallion and Wodon (1999) on geographic effects on the level of poverty in Bangladesh.
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One should not be surprised to find geographic differences in living standards in this setting.
2 Restrictions on labor mobility are one reason. But geography could also have a deeper causal role in the dynamics of poverty in this setting. If geographic externalities alter returns to private investment, and borrowing constraints limit capital mobility, then poor areas can self perpetuate. Even with diminishing returns to private capital, poor areas will see low growth rates, and possibly contraction.
However, testing for geographic poverty traps poses a number of problems. Using aggregate geographic data, we can test for divergence, whereby poorer areas grow at lower rates.
But this is neither necessary nor sufficient for the existence of a geographic poverty trap.
Divergence may reflect either increasing returns to individual wealth, or geographic externalities, whereby living in a poor area lowers returns to individual investments. Aggregate geographic data cannot distinguish between the two causes.
Alternatively, cross-sectional micro data might be used to test for geographic effects on living standards at one point in time. 3 Such data can at best provide a snapshot of a household's welfare. One cannot say with statistical conviction that the observed geographic effects are not in fact proxies for some unobserved household variables.
Both household panel data and geographic data are clearly called for to have any hope of identifying geographic externalities in the growth process. But how should such data be 4 For example, suppose that the average wealth of an area is positively correlated with growth rates at household level, controlling for household wealth. This may be because some household attribute relevant to growth, and positively correlated with average wealth, has been omitted. Better own education may yield higher growth rates, be correlated with wealth, and be spatially autocorrelated. Then average wealth in the area of residence could just be proxying for individual education.
5 Area characteristics (land quality) may be time-invariant. Alternatively, variables like population density are typically only available from population censuses which are done infrequently, and so such variables must also be treated as time-invariant. 7 modeled? One might turn to the standard panel data model with time-invariant household fixed effects. Allowing for latent heterogeneity in the household-level growth process will protect against spurious geographic effects that arise from omitted geographic effects (such as latent factors in the placement of government programs) or omitted non-geographic, but spatially autocorrelated, household characteristics. 4 However, standard panel-data techniques)like firstdifferencing the data to eliminate the correlated unobserved household specific effects)wipe out any hope of identifying impacts of the time-invariant geographic variables of interest, of which there are likely to be many. 5 In that case, the cure to the problem of latent heterogeneity leaves an econometric model which is unable to answer many of the questions we started out with. Nor, for that matter, is it obviously plausible that the heterogeneity in individual effects on growth rates would in fact be time invariant; common macroeconomic and geo-climatic conditions might well entail that the individual effects vary from year to year.
We propose an estimable micro model of consumption growth which can identify underlying (including time-invariant) geographic effects while at the same time allowing for latent heterogeneity in household-level growth rates. Our empirical work is motivated by an adaptation of the Ramsey (1928) model of optimal consumption growth. The Ramsey model is modified to allow geographic effects on the marginal product of own capital in the presence of 6 Analogously to the role of external (economy-wide) knowledge on firm productivity in the Romer (1986) model. 8 constraints on capital mobility. Our econometric model uses longitudinal observations of growth rates at the micro level collated with other micro and geographic data. Following Holtz-Eakin, Newey and Rosen (1988) , our panel data model allows for individual effects with nonstationary impacts. The standard fixed effects model is encompassed as a testable restricted form. If it is rejected in favor of nonstationary effects then we are able to identify impacts of time-invariant geographic capital on consumption growth at micro level while still allowing for latent heterogeneity in measured growth rates. We implement the approach using farm-household panel data for rural areas of southern China over 1985-90.
The following section outlines our theoretical model of consumption growth, while section 3 gives the econometric model. Section 4 describes our data while section 5 presents our results. Section 6 summarizes our conclusions.
Theoretical model
Our empirical work is motivated by extending the classic Ramsey model of intertemporal consumer equilibrium to include production by a farm-household facing geographic externalities in its production process. We hypothesize that output of the farm household is a concave function of various privately-provided inputs, but that output also depends positively and non-separably on the level of geographic capital, as described by characteristics of the area of residence. where is the intertemporal elasticity of substitution, C is consumption, and D is the subjective rate of time preference.
The derivation of the optimal rate of consumption growth under these assumptions then follows from standard methods for dynamic optimization. It can be shown that the optimal rate of consumption growth satisfies the Euler equation:
where is the rate of depreciation plus labor augmenting technical progress.
The key feature of this equation for our purpose is that geographic externalities can influence consumption growth rates at the farm-household level, through effects on the marginal product of own capital. The model permits values of G such that the optimal consumption growth rate is negative; given G, output gains from individually optimal investments may not be sufficient to cover and so consumption falls.
There are other ways in which geographic effects on consumption growth might arise, not captured by the above model. For example, we could also allow geographic variables to influence utility at a given level of consumption, by making the substitution parameter and the discount rate functions of G. While our empirical model will allow us to test for geographic effects on consumption growth at the micro level it will not allow us to identify the precise mechanism linking area characteristics to growth.
Econometric model
The Euler equation in (2) motivates an empirical model in which the growth rate of household consumption depends on both the household's own capital and on its geographic capital. Data are available for a random sample of N households observed over T dates, where T is at least three (for reasons that will soon be obvious). Let g it denote the expected value of the growth path for i at t (g it is thus the value of g(t) in discrete time) and let lnC it be the measured growth-rate of consumption for household i in time period t. Rather than assume that lnC it =g it we allow for measurement errors and lagged effects according to an ad hoc adjustment model:
where is an error term. This can be taken to include idiosyncratic effects on the marginal product of own capital and the rate of time preference, as well as measurement errors in growth rates. Our empirical model for g it is:
where x it is a ( k x 1) vector of time-varying explanatory (geographic and household) variables, and z i is a ( p x 1) vector of exogenous time-invariant explanatory (geographic and household)
variables.
There are likely to be differences in own-capital endowments, and other parameters of utility and production functions, which one cannot hope to fully capture in the data available.
There are also likely to be omitted geographic variables, such as latent political or economic factors influencing the placement of observed governmental programs. Furthermore, it is likely (5) that these unobserved household and geographic variables will be correlated with the observed geographic variables, leading to biases in OLS estimates of the parameters of interest. So in estimating equation (3), we assume that the error term includes a household-specific fixed effect (which may also include unobserved geographic effects) correlated with the regressors as well as an i.i.d. random component which is orthogonal to the regressors and is serially uncorrelated.
The existence of economy-wide factors (including covariate shocks to agriculture)
suggests that the impact of the heterogeneity need not be constant over time. For example, there may be a latent effect such that some farmers are more productive, but this matters more in a bad agricultural year than a good one. This could also hold for observed sources of heterogeneity. In particular, some or all of the z i variables may well have time-varying effects, so that includes deviations from the time mean impacts, ( )z i , in obvious notation. This would also entail a correlation between the latent household-specific effect and the regressors, as well as nonstationarity in the latent effects. However, the time varying parameters are clearly not identifiable; only time-mean impacts are recoverable.
To allow for nonstationarity in the impacts of the individual effects we follow HoltzEakin et al., (1988) in decomposing the composite error term as:
7 An alternative estimation method is the dynamic random effects estimator developed by Bhargava and Sargan (1982) . However, this method assumes that at least some of the time-varying variables are uncorrelated with the unobserved individual specific effect.
8 Also see Chamberlain (1984) and Ahn and Schmidt (1994) for alternative quasi-differencing transformations.
13 (6) where u it is the i.i.d. random variable, with mean 0 and variance 2 u , and is a time-invariant effect that is not orthogonal to the regressors. The following assumptions are made about the error structure:
Since the composite error term in equation (5) is not orthogonal to the regressors, estimating (3) by OLS will give inconsistent estimates. Serial independence of u it is a strong assumption; for example, measurement error in the levels of consumption can generate first-order (negative) serial correlation in u it . However, while serial independence of u it is sufficient for our estimation strategy, it is not necessary; we will perform diagnostic tests on the necessary condition (below).
In standard panel data models, the "nuisance" variable is eliminated by estimating the model in first differences or by taking time-mean deviations (when there is no lagged dependent variables in the model). 7 However, given the temporal pattern of the effect of on lnC it , we cannot use these transformations to eliminate the fixed effect. We use instead quasi-differencing techniques, following Holtz-Eakin et. al. (1988) . 8 Substituting equation (4) and (5) into (3) and lagging by one period we get:
Define r t = / . Multiplying equation (7) by r t and subtracting from equation (3):
Notice that even if we had assumed that the measured growth rate is the long-run value for that date ( =0), a dynamic specification would still be called for as long as the latent effects are time varying. This is generated by the quasi-differencing.
Consider the identification of the original parameters. Equation (8) This general specification can be tested against the restriction of the standard fixedeffects model, namely that for all t. We recognize that standard chi-square asymptotic tests are not applicable in this case since under the null hypothesis, H 0 : r t =1, the parameters associated with the constant and the time-invariant variables are not identified. We follow a suggestion by Godfrey(1988) (following Davies, 1977 Davies, , 1987 to test for the presence of non-stationary fixed effects in our data when several parameters vanish under the null hypothesis. We set " and . to some constants " 0 and . 0 respectively. When we test the null hypothesis, " 0 (1-r t )=. 0 (1-r t )=0, the statistic LM(" 0 , . 0 ) -P 2 (1) whatever the choices of (" 0 , . 0 ). Godfrey (1988) states that in small samples, power of this simple test will be a concern but in our case with a cross-sectional sample of 5,600 households this is not an issue.
In estimating equation (8) we must allow for the fact that one of the regressors, lnC it -1 , is correlated with the error term, u it -r t u it-1 (although the error term is by construction orthogonal to x it and z i ). One can estimate equation (8) by Generalized Method of Moments (GMM) using 9 There is some debate regarding the choice of the optimal moment conditions (and hence instruments) to estimate dynamic panel data models efficiently (Ahn and Schmidt, 1995; Blundell and Bond, 1997) . In this discussion, the primary concern is with respect to the use of lagged level instruments especially in cases where the estimated coefficient of the lagged dependent variable is close to unity. In a related paper, Binder, Hsiao and Pesaran (2000) suggest a maximum likelihood estimator to circumvent the problem of unit-roots in short panels. Their methods however, can not be easily extended to the GMM framework. In our case, the estimable model is in differences. Further, the coefficient estimate for the lagged difference dependent variable is different from unity. 10 Note that there is some first-order serial correlation introduced in the model due to the quasidifferencing. This means that log consumptions lagged once are not valid instruments.
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differences and/or levels of log consumptions lagged twice (or higher) as instruments for lnC it-1 . (The Appendix provides a more complete exposition of the estimation method.) The essential condition to justify this choice of instruments is that the error term in (8) is second-order serially independent. That is implied by serial independence of u it .
9
To ensure that our estimation strategy is valid we perform three diagnostic tests. First, we test whether latent individual specific effects are present in our data. We construct a Hausmantype test where the null hypothesis that the GLS model is the correct one is tested against the latent variable model. Second, we follow Arellano and Bond (1991) in constructing an overidentification test to ensure that our instruments are consistent with the data and are indeed exogenous. Thirdly, we perform the Arellano-Bond second-order serial correlation test, given that the consistency of the GMM estimators for the quasi-differenced model depends on the assumption that the composite error term in (8) is second-order serially independent, as discussed above.
10 Lack of second-order serial correlation and the non-rejection of the over-identification test support our choice of instruments.
Note also that quasi-differencing the data to eliminate the unobserved household effects will also remove any remaining latent geographic effects provided the 's are the same for the county and the individual specific effects. However this need not be the case in our data. To test against the presence of remaining latent area effects, we regressed the estimated residuals against a set of geographic dummies and tested their joint significance.
Data
The farm-household level data were obtained from China's Rural Household Survey (RHS) done by the State Statistical Bureau (SSB). A panel of 5,600 farm households over the six-year period 1985-90 was formed for four contiguous provinces in southern China, namely Guangdong, Guangxi, Guizhou, and Yunnan. The latter three provinces form southwest China, widely regarded as one of the poorest regions in the country. Guangdong on the other hand is a relatively prosperous coastal region (surrounding Hong Kong). In 1990, 37%, 42% and 34% of the populations of Guangxi, Guizhou and Yunnan, respectively, fell below an absolute poverty line which only 5% of the population of Guangdong could not afford (Chen and Ravallion, 1996) . Also the rural southwest appears to have shared little in China's national growth in the 1980s. For the full sample over 1985-90, consumption per person grew at an average rate of only 0.70% per annum; for Guangdong, however, the rate of growth was 3.32%. Between 1985 and 1990, 54% of the sampled households saw their consumption per capita increase while the rest experienced decline.
The data appear to be of good quality. Since 1984 the RHS has been a well-designed and executed survey of a random sample of households in rural China (including small-medium towns), with unusual effort made to reduce non-sampling errors (Chen and Ravallion, 1996) .
Sampled households fill in a daily diary on expenditures and are visited on average every two weeks by an interviewer to check the diaries and collect other data. There is also an elaborate 11 Constructing the panel from the annual RHS survey data proved to be more difficult than expected since the identifiers could not be relied upon. Fortunately, virtually ideal matching variables were available in the financial records, which gave both beginning and end of year balances. The relatively few ties by these criteria could easily be broken using demographic (including age) data. 12 For further details on the poverty lines see Chen and Ravallion (1996) . Note that our test for omitted geographic effects can be interpreted as a test for mis-measurement in our deflators.
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system of cross-checking at the local level. The consumption data from such an intensive survey process are almost certainly more reliable than those obtained by the common cross-sectional surveys in which the consumption data are based on recall at a single interview. For the six year period 1985-90 the survey was also longitudinal, returning to the same households over time.
While this was done for administrative convenience (since local SSB offices were set up in each sampled county), the panel can still be formed.
11
The consumption measure includes imputed values for consumption from own production valued at local market prices, and imputed values of the consumption streams from the inventory of consumer durables (Chen and Ravallion, 1996) . Poverty lines designed to represent the cost at each year and in each province of a fixed standard of living were used as deflators. These were based on a normative food bundle set by SSB, which assures that average nutritional requirements are met with a diet that is consistent with Chinese tastes. This food bundle is then valued at province-specific prices. The food component of the poverty line is augmented with an allowance for non-food goods, consistent with the non-food spending of those households whose food spending is no more than adequate to afford the food component of the poverty line.
12
The household data were collated with geographic data at three levels: the village, the county, and the province. At village level, we have data on topography (whether the village is on 13 While the county administrative records and the county yearbooks cover rural areas separately, the census county data does not distinguish between the rural and urban areas. However, given that the objective of including the county characteristics is to proxy for the initial level of progress in a particular county relative to another, the aggregate county indicators should be reliable indicators for the differences in socio-economic conditions across the counties.
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plains, or in hills or mountains, and whether it is in a coastal area), urbanization (whether it is a rural or suburban area), ethnicity (whether it is a minority group village), whether or not it is a border area (three of the four provinces are at China's external border), and whether the village is in a revolutionary base area (areas where the Communist Party had established its bases prior to 1949). At the county level we have a much larger data base drawn from County Administrative Records (from the county statistical year books for 1985-90) and from the 1982 Census. The survey data also allow us to measure a number of household characteristics. A composite measure of household wealth can be constructed, comprising valuations of all fixed productive assets, cash, deposits, housing, grain stock, and consumer durables. We also have data on agricultural inputs used, including landholding. To allow for differences in the quality and quantity of family labor (given that labor markets are thin in this setting) we let education and demographics influence the marginal product of own capital; these may also influence the rates of intertemporal substitution and/or time preference. We have data on the size and demographic compositions of the households, and levels of schooling. Table 1 gives descriptive statistics on the variables.
Results
We begin with a simple specification in which the only explanatory variables are initial wealth per capita, both at household and county levels. This model is too simple to be believed, but it will help as an expository device for understanding a richer model later.
A simple expository model
Suppose that the only two variables that matter to the long run consumption growth rate are initial household wealth per capita (HW) and mean wealth per capita in the county of residence (CW). The long-run growth rate for household i is then:
This is embedded in the dynamic empirical model, as described in section 3.
Using lagged first differences of log consumption as instruments, the GMM estimate of this model gives r t values of 0.601, 0.220, and 0.558 for 1988 to 1990 respectively. Using standard errors which are robust to any cross-sectional heteroscedasticity that might be present in the data, the corresponding t-ratios are 7.84, 8.40 and 6.63. The estimated equation for the balanced growth rate is (t-ratios in parentheses, also based on robust standard errors):
g(HW,CW) = (-0.278 -0.0221lnHW + 0.0602lnCW)/1.172 (12) (6.02) (4.52) (7.27) (57.46) This is interpretable as the estimate of equation (2) implied by this specification, where HW is interpreted as a measure of K and CW as a measure of G.
Thus we find that consumption growth rates at the farm-household level are a decreasing function of own wealth, and an increasing function of average wealth in the county of residence, controlling for latent heterogeneity. We can interpret equation (12) in terms of the model in section 2. The time preference rate and elasticity of substitution are not identified. Nonetheless,
given that the substitution parameter is positive, we can infer from (12) that the marginal product of own capital is decreasing with respect to own capital, but increasing with respect to geographic capital. However, there are other possible interpretations; for example, credit might well be attracted to richer areas, or discount rates might be lower.
Notice that the sum of the coefficients on lnCW and lnHW in (12) is positive. Averaging (12) over all households in a given county, we thus find aggregate divergence; counties with higher initial wealth will tend to see higher average growth rates. That is indeed what one finds in aggregate county data for this region of China (Ravallion and Jalan, 1996) . This is due entirely to geographic externalities, rather than increasing returns to own wealth at farm-household level.
A richer model
While the above specification is useful for expository purposes, we now want to extend the model by adding a richer set of both geographic and household-level variables. Table 1 gives the descriptive statistics of the explanatory variables to be used in the extended specification.
We first estimated a first order dynamic consumption growth model as indicated by equation (3). However, the Wald statistic to test the significance of the coefficient associated with the lagged dependent variable ( ) had a p-value of 0.39. So we opted for the parsimonious model where the dynamics are introduced only via the quasi-differencing. An advantage of this is that we gain an extra period for the estimation.
14 Given that our preferred estimated equation is static, we can construct a Hausman type test because the parameter estimates are consistent under both the null and the alternative hypothesis. In our specification we can also simply test the null hypothesis of for all t which is also rejected by a Wald test. 15 The null hypothesis for all t, where are set to their estimated values, is rejected by a Wald test with a p-value of 0.035 for the associated Chi-square statistic. 16 We estimated a model where the household variables were assumed to be exogenous (base model). Next we estimated an alternative model where it was assumed that the time-varying household variables are endogenous, for which we used lagged values of the endogenous variables as instruments. We then constructed likelihood ratio tests to test the base model against this model (Hall, 1993; Ogaki, 1993) . 17 Even though we include a number of time-invariant household variables as regressors in the model, the correlation matrix associated with these variables indicate the highest correlation to be around 0.7, suggesting that multi-collinearity is not a serious problem in our sample and model. 22 Table 2 reports our GMM estimates of the extended model. On testing the fixed effects model against a model with no latent effects (stationary or non-stationary), a Hausman-type test based on the difference between the quasi-differenced model and the GLS model gave a =63.1 which is significant at the 5% level.
14 Again the conventional fixed effects model is firmly rejected in favor of the specification with time-varying coefficients. 15 This also means that we can estimate the impacts of the time-invariant geographic (and non-geographic) variables.
Our model also includes time-varying household variables ( Table 1 ). The question arises as to whether to treat these variables as exogenous or endogenous. The model where the household variables are treated as exogenous was summarily rejected in favor of the model where the time-varying household variables are endogenous. 16 Hence, Table 2 reports estimates where the time-varying household variables are treated as endogenous. All the time-invariant variables-county and household-are treated as exogenous.
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The over-identification test, and the second-order serial correlation test indicate that the instruments used in the GMM estimation are valid. The over-identification test has a p-value of 0.9 and the second-order serial correlation test statistic has a p-value of 0.5. Furthermore, there appear to be no remaining latent area effects in the residuals of the estimated model. The F-test statistic is F 101,22474 = 0.95 which is not significant.
Many of the geographic variables are significant. Living in a mountainous area lowers the long run rate of consumption growth, while living on the plains raises it ("hills" is the left out category). Natural conditions for agriculture tend to be better in the plains than mountains or hills. Both of the geographic variables measuring the extent of modernization in agriculture (farm machinery usage per capita and fertilizer usage per acre) have highly significant positive impacts on individual consumption growth rates. The two health-related variables (infant mortality rate and medical personnel per capita) indicate that consumption growth rates at the farm-household level are significantly higher in generally healthier areas. A higher incidence of employment in non-farm commercial enterprises in a geographic area entails a higher growth rate at the household level for those living there. There is a highly significant positive effect of higher road density in an area on consumption growth. Historically favored "revolutionary base" areas have higher long run growth rates controlling for the other variables.
Consistent with the simpler model we started with, there is a strong tendency for the geographic variables to be either neutral or "divergent", in that households have higher consumption growth rates in better endowed areas. This suggests that these geographic characteristics tend to increase the marginal product of own capital. This is in marked contrast to the household-level variables. In addition to allowing for latent farm-household level effects on consumption growth, we included a number of household level characteristics related to land and both physical and human capital endowments. These effects tend to be neutral or convergent. We find that farm-households with higher expenditure on agricultural inputs per unit land area (an indicator of the capital intensity of agriculture) tended to have lower subsequent growth rates. Fixed productive assets per capita do not, however, emerge as significant; it may well be that the density of agricultural inputs is the better indicator of own-farm capital. Amongst the other household characteristics, there are a number of significant demographic variables; larger and younger households tend to have higher consumption growth rates. This may reflect the thinness of agricultural labor markets in rural China, so that demographics of the household influence the availability of labor for farm work.
Do geographic poverty traps occur within the bounds of the data?
The above results are consistent with geographic poverty traps. But do such traps actually occur within the bounds of these data? In terms of the theoretical model in section 2, while one might find that higher endowments of geographic capital raise the marginal product of own capital at the farm-household level, it may still be the case that no area has so little geographic capital to entail falling consumption.
To address this issue, consider first our simple model in section 5.1. The poverty trap level of county wealth can be defined as CW * such that g(HW, CW * )=0 for given HW. Figure 1 gives CW * for each value of HW. The figure also gives the data points. Clearly there is a large subset of the data for which CW is too low, given HW, to permit rising consumption. Consider, for example, two households both with the sample mean of lnHW, which is 6.50 (with a standard deviation of 0.61). From equation (12), lnCW * = 7.01 at this level of household wealth. So if one of the two households happens to live in a county with lnCW = 7.02 or higher it will see rising consumption over time in expectation, while if the other lives in a county with lnCW = 7.00 or lower it will see falling consumption, even though its initial personal wealth is the same.
We can ask the same question for the richer model. We calculate the critical value of each geographic variable at which consumption growth is zero while holding all other (geographic and non-geographic) variables constant. While we cannot graph all the possible combinations in this multidimensional case (as in Figure 1 ), let us fix other variables at their sample mean values. The critical values implied by our results are given in Table 3 .
We find, for example, that positive growth in consumption requires that the density of roads exceeds 6.5 square kilometers per 10,000 people, with all other variables evaluated at mean points (Table 3) . In all cases, the critical value at which the geographic poverty trap arises is within one standard deviation of the sample mean for that characteristic.
Geographic poverty traps are clearly well within the bounds of these data.
Conclusions
Mapping poverty and its correlates could well be far more than a descriptive tool)it may also hold the key to understanding why poverty persists in some areas, even with robust aggregate growth. That conjecture is the essence of the theoretical idea of a geographic poverty trap. But are such traps of any empirical significance?
That is a difficult question to answer. Aggregate regional growth empirics cannot do so, since aggregation confounds the external effects that create geographic poverty traps with purely internal effects. And, without controlling for latent heterogeneity in the micro growth process, it is hard to accept any test for geographic poverty traps based on micro panel data. In a regression
for consumption growth at the household level, significant coefficients on geographic variables may simply pick up the effects of omitted spatially-autocorrelated household characteristics. Yet the standard treatments for fixed effects in micro panel-data models make it impossible to identify the impacts of the many time-invariant geographic factors that one might readily postulate as leading to poverty traps. Given the potential policy significance of geographic poverty traps, it is worth searching for a convincing method to test for them.
We have offered a test. This involves regressing consumption growth at the household level on geographic variables, allowing for nonstationary individual effects in the growth rates.
By relaxing the restriction that the individual effects have the same impacts at all dates, the resulting dynamic panel-data model of consumption growth allows us to identify external effects of fixed or slowly changing geographic variables.
On implementing the test on a six-year panel of farm-household data for rural areas of southern China, we find strong evidence that a number of indicators of geographic capital have divergent impacts on consumption growth at the micro level, controlling for (observed and unobserved) household characteristics. The main interpretation we offer for this finding is that living in a poor area lowers the productivity of a farm-household's own investments, which reduces the growth rate of consumption, given restrictions on capital mobility.
With only six years of data it would clearly be hazardous to give our findings a "longrun" interpretation (though six-years is relatively long for a household panel). Possibly we are observing a transition period in the Chinese rural economy. However, our results do suggest that there were areas in this part of rural China in this period which were so poor that the consumptions of some households living in them were falling even while otherwise identical households living in better off areas enjoyed rising consumptions. Within the period of analysis, the geographic effects were strong enough to imply poverty traps.
What geographic characteristics create poverty traps? We find that there are publicly provided goods in this setting, such as rural roads, which generate non-negligible gains in living standards. (And since we have allowed for latent geographic effects, the effects of these governmental variables cannot be ascribed to endogenous program placement.) We also find that the aspects of geographic capital relevant to consumption growth embrace both private and publicly provided goods and services. Private investments in agriculture, for example, entail external benefits within an area, as do "mixed" goods (involving both private and public provisioning) such as health care. The prospects for growth in poor areas will then depend on the ability of governments and community organizations to overcome the tendency for underinvestment that such geographic externalities are likely to generate.
(A4)
Appendix: GMM estimation of the micro growth model
The estimation procedure entails stacking the equations in (8) to form a system, with one equation for each year. For T=6, the system of equations to be estimated is as follows:
In these equations, (t=3 where is a (T-2)x1 vector for household i.
The GMM procedure estimates the parameters b t by minimizing the criterion function:
where the (l x l) weighting matrix A N is positive definite, and where the (l x 1) vector of sample orthogonality conditions is given by:
where w i is a ((T-2) x l) vector of l instruments. Heteroscedasticity is likely to exist across the cross-sections. We use White's approach to correct for this. The optimal weighting matrix is thus the inverse of the asymptotic covariance matrix:
where is the vector of the estimated residuals. These GMM estimates yield parameter estimates that are robust to heteroscedasticity.
The first-order conditions of minimizing the non-linear equation Q NT (b), does not provide us with an explicit solution. We must thus use a numerical optimization routine to solve for .
All the computations can be done using standard software such as EVIEWS and GAUSS. 
